Abstract. Fasciolosis is generally a subclinical infection of dairy cows and can cause marked economic losses. This study investigated the prevalence and spatial distribution of fasciolosis in dairy cow herds in Ireland using an in-house antibodydetection enzyme-linked immunosorbent assay applied to bulk tank milk (BTM) samples collected during the autumn of 2012. A total of 5,116 BTM samples were collected from 4,602 different herds, with 514 farmers submitting BTM samples in two consecutive months. Analysis of the BTM samples showed that 82% (n = 3,764) of the dairy herds had been exposed to Fasciola hepatica. A total of 108 variables, including averaged climatic data for the period 1981-2010 and contemporary meteorological data for the year 2012, such as soil, subsoil, land cover and habitat maps, were investigated for a possible role as predictor of fasciolosis. Using mainly climatic variables as the major predictors, a model of the predicted risk of fasciolosis was created by Random Forest modelling that had 95% sensitivity and 100% specificity. The most important predictors in descending order of importance were: average of annual total number of rain-days for the period 1981-2010, total rainfall during September, winter and autumn of 2012, average of annual total number of wet-days for the period 1981-2010 and annual mean temperature of 2012. The findings of this study confirm the high prevalence of fasciolosis in Irish dairy herds and suggest that specific weather and environmental risk factors support a robust and precise distribution model.
Introduction
Fasciolosis caused by Fasciola hepatica, although a subclinical parasitic disease, has a negative influence on cattle productivity and can cause major economic losses in cattle farming (Kaplan, 2001) . The single most important cause of economic loss due to fasciolosis in dairy cattle is reduced milk production (Schweizer et al., 2005 , Charlier et al., 2012 . Fasciolosis depends greatly on environmental characteristics and climatic conditions, therefore climate change may noticeably alter the future development of the disease (Mas-Coma et al., 2009 ). In particular, apart from presence of suitable livestock hosts, sufficient moisture and an ambient temperature above +10°C are required for the development of the freeliving and intra-molluscan stages of F. hepatica as well as the development of the intermediate snail hosts (Torgerson and Claxton, 1999) .
There is limited knowledge on the prevalence of fasciolosis in Irish cattle herds. Murphy et al. (2006) found that 65% of culled cattle from beef and dairy farms throughout Ireland had infected livers, while Bloemhoff et al. (2012) demonstrated that 75% of the dairy herds in November 2009 had been exposed to F. hepatica. In Ireland, the Ollerenshaw index is presently used to predict the incidence of fasciolosis based on monthly measurements of rainfall, number of rain-days and evapotranspiration (de Waal et al., 2007) . This regional, forecast system is intended to regulate treatment regimens and, although working relatively well, it still lacks the ability to predict incidence levels accurately. It is also used on a much smaller scale than the regional one in order to maximise the return on the producer's investment in disease control (Smith, 2011) . Finally, there is a paucity of nationalscale, long-term studies with detailed and consistent data on the spatial distribution of fasciolosis in Ireland.
Spatial risk models for fasciolosis using geographical information systems (GIS) have been applied in Africa Yilma and Malone, 1998) , South America (Fuentes and Malone, 1999; Fuentes et al., 2005; Fuentes, 2006; Dutra et al., 2010; Martins et al., 2012; Valencia-López et al., 2012) , USA (Malone and Zukowski, 1992; Zukowski et al., 1993) , Australia (Durr et al., 2005) , Cambodia (Tum et al., 2004 (Tum et al., , 2007 and Europe (Rapsch et al., 2008; McCann et al., 2010a; Bennema et al., 2011; Charlier et al., 2011; Kuerpick et al., 2013) . The incorporation of climatic, environmental and pasture variables into these detailed, spatial models can explain the observed seasonal pattern of fasciolosis at the regional level and allow predictions of the disease risk in order to help farmers make informed decisions on its control (McCann et al., 2010a) .
In this study, we present a new approach to predict the spatial distribution of fasciolosis that is based on Random Forest (RF) modelling using numerous climatic and environmental datasets. The objectives of this study were: (i) to evaluate the prevalence of fasciolosis in Irish dairy cow herds; (ii) to identify its main potential climatic and environmental risk factors; and (iii) to develop a prediction model for the occurrence of fasciolosis in dairy herds in Ireland allowing the construction of a risk map of the probability of exposure to the disease.
Materials and methods

Study area
The study was conducted in Ireland (surface area = 69,825 km 2 ) between September and November 2012. Ireland's climate is mild, without temperature extremes due to the moderating effect of the Atlantic Ocean (Walsh, 2012) , which also results in higher annual mean temperature values in the coastal regions and higher total rainfall in the western half of the country and on the highlands (Fig. 1) .
Sample collection
A total number of 5,116 bulk tank milk (BTM) samples were gathered between September and November 2012 from 514 farmers in 18 Irish counties representing 4,602 dairy herds. The greater proportion of the samples (n = 5,038) were collected by an Irish private cattle breeding services company, providing samples from nearly all dairy farmers in their database but not selected randomly. The remaining samples (n = 364) were collected either from dairy farmers that were members of discussion group-meetings supervised by the Agriculture and Food Development Authority of Ireland (Teagasc) agricultural advisors in the five counties of Cavan, Cork, Donegal, Offaly and Westmeath, including a small creamery in Donegal County. The postal address of each dairy farm providing a BTM sample was recorded and used as information regarding the geographical origin of the sample in question. When two BTM samples were submitted from the same herd, the sample with the higher F. hepatica antibodies level was used. BTM samples that could not be attributed to a postal address (n = 286) were excluded from further analysis.
Broad Spectrum Microtabs II, containing a combination of Bronopol and Natamycin (Advanced Instruments Inc, MA, USA), were used for the preservation of samples. All BTM samples were sent to the Veterinary Parasitology Laboratory of University College Dublin. After arrival at the laboratory, the BTM samples coming from the private company due to their large quantity were left to stand for at least 4 days at +4°C to allow the separation and removal of the superficial fat layer before being tested. The remaining samples, after being stored at +4°C for eight hours, were centrifuged at 850 g for 10 minutes and the non-lipid fractions were divided into 2-ml aliquots and stored at -20°C until testing.
Antibody testing
The levels of F. hepatica antibodies in BTM samples were determined by an in-house antibody-detection ELISA as described previously (Selemetas et al., 2014) . All BTM samples were left for 1-2 hours at room temperature before the start of testing. One negative and two positive controls were used as reference standards for calculation of the F. hepatica antibody levels, which were determined by measuring the optical density (OD) at the 450 nm wavelength in an ELISA micro-plate reader (Expert 96, Asys Hitech, Eugendorf, Austria). The mean OD value of all positive controls was used as an extra, internal control. The antibody levels of each BTM sample was expressed as per cent positivity (PP) according to the following formula:
A mixture of two Gaussian distributions was fitted to the PP values of the BTM samples to determine the optimal cut-off value of the ELISA test. In the case of herds from which consecutive BTM samples were available, the higher PP value was used. The mixture model of the two components (positive and negative herds) was fitted using the Mixtools package in R (R Core Team, 2013) and the algorithm of expectation-maximization (EM) of the normal mixEM function (Benaglia et al., 2009 ). The optimal cut-off value of the whole population of the PP values of BTM samples in this study was 12. Therefore, herds with a PP higher than 12 were deemed positive, whereas those with PPs ≤12 were regarded as negative. On the basis of the frequency distributions shown in Fig. 2 and the large number of BTM samples (>5000), the 12 PP threshold value is assumed to be very close to the optimal cut-off value of the ELISA results.
Variables investigated
This study used 108 climatic and environmental variables (Table 1) as possible predictors of the exposure to F. hepatica, including the following ones.
Climatic data layers
Climatic data based on the 1 x 1 km resolution grid for Ireland were obtained from the archive of Irish weather observations provided by the Irish National Meteorological Service (Met Éireann) for the period 1981-2010 and the year of 2012 with the coordinates on the Irish Grid Reference System (TM75/Irish Grid). Datasets for the following weather parameters of the period 1981-2010 were used: averages of annual, seasonal and monthly mean, maximum and minimum temperatures (°C), averages of annual, seasonal and monthly total rainfall (mm) and total number of raindays (daily rainfall ≥0.2 mm) and wet-days (daily rainfall ≥1mm). For the year 2012, the averages of annual, seasonal and monthly mean temperatures (°C) and averages of annual, seasonal and monthly total rainfall (mm) were used. The seasonal variables refer to the following 3-month periods: winter (December to February), spring (March to May), summer (June to August) and autumn (September to November). All these climatic data layers were converted from ASCII to raster format using the R 3.0.3 statistical language (R Core Team, 2013).
Soil and environmental variables
Data describing land cover information at a resolution of 20 x 20 m was derived from the CORINE Land Cover (CLC2006) dataset for Ireland for the year 2006 (EEA, 2007) , containing 33 classes including pasture, peat bogs, non-irrigated arable land, agricultural land, complex cultivation, forests and grassland. Data on different soil types (deep and shallow, welldrained, mineral, deep and shallow, poorly drained, mineral, peat alluvium) and subsoil type that can consist of till, sand and gravel alluvium, peat, marsh and glacio-lacustrine deposits were obtained from the PP value =
x 100 OD of test sample Mean OD of positive controls Environmental Protection Agency (EPA), Ireland and Teagasc's "Indicative Soils and Subsoils Maps" at the 10 x 10 km resolution (Daly and Fealy, 2007) . Data describing different habitat types (wet and dry grassland, water, rock, forest, fen, bog, wetland, salt marsh) were obtained from the Teagasc "National Habitat Indicator Map" at the 25 x 25 m resolution (Fossitt, 2000) . Using ArcGIS, v. 10.1 (ESRI, Redlands, CA, USA), all data layer shapefiles were converted into rasters and then all the values of each raster within each Irish electoral division (the smallest administrative unit in Ireland) were summarised (using the Zonal Statistics tool) and exported to an Excel table as either the mean value for all climatic (numerical) variables or the majority value for the other environmental (categorical) variables.
GIS mapping and georeferencing
The GIS used in the present study for the construction of spatial maps was ArcGIS, version 10.1. Based on the townland (the smallest legally defined administrative area in Ireland) location, each dairy herd was georeferenced by assigning its location to a point of the Google satellite map. If only a single farm existed on the satellite map of the townland, then a point was aligned on that farm and its coordinates were to that point. In the case of more than one farm on the satellite map of the townland, the points were aligned approximately on the centre of the townland.
Modelling The Random Forest (RF) approach
The risk model of exposure to F. hepatica was generated using the RF methodology (Breiman, 2001 ). This method has mainly been used in bioinformatics and ecology and is popular due to its simplicity and ability to handle complex data of different statistical distributions together, while being computationally lighter than other machine-learning techniques (Cutler et al., 2007; Rodriguez-Galiano et al., 2014) . This approach represents a powerful data-mining tool that can model complex interactions between different predictor variables and determine variable importance with great classification accuracy, which outperforms traditional modelling methods such as logistic regression (Cutler et al., 2007) . RF is a mixture of tree-based predictors that are randomly constructed by bootstrapping from the complete dataset with replacement, so that it retains the same distribution as the full dataset (Breiman, 2001) . Around one third of the data were randomly excluded from bootstrapping and the creation of the forest, comprising the "out-of-bag" (OOB) dataset, which was used as an independent cross-validation dataset to estimate the error rate of misclassified data from the bootstrap samples that comprise the forest.
Construction of risk map of F. hepatica exposure
The dairy herds were classified into positive and negative classes, based on their status of exposure to F. hepatica as determined by the mixture bimodal model. The finest spatial map unit that was used in the current study was that of an electoral division. If an electoral division contained at least one positive herd, then it was regarded as positive. The raster describing the F. hepatica prevalence at the electoral division level was converted, together with all the possible predictor variables rasters, to database-formatted (dbf) files containing summary statistics for every data layer based on the code number of the electoral divisions. A balanced set of positive and negative electoral divisions was randomly selected each time to increase the accuracy of the probability model. Firstly, the probability of exposure to F. hepatica was measured using the RF methodology. Then, the correlation between the probability of exposure and several probable predictor variables were established and finally the probability of exposure to F. hepatica was used in combination with the most important risk factors to predict the risk of exposure. The RF modelling was performed in R 3.0.2 statistical language environment using the Rpackage "Random Forest", version 4.6-7.
Importance of risk predictors in the RF model
The importance of various predictors is determined by the decline in model performance through the average decrease of the Gini index that measures the contribution of each variable to homogeneity of nodes and leaves of the final RF (Breiman, 2001 ). Every time a specific variable is used to split a node, the Gini index is calculated for the child nodes after being compared to that of the original node and at the end of the calculations the Gini index changes for every variable are summed and normalised. Variables that generate nodes with greater purity have a higher reduction of the Gini index. The accuracy of the risk model of exposure to F. hepatica was evaluated using sensitivity, specificity and the percentage of correctly classified instances (PCC).
Statistical analysis
The data were analysed and descriptive statistics including group means, were calculated using SPSS Statistics version 20.0 (IBM Corp, NY, USA). The chisquare test was used to determine significant differences between the exposed and non-exposed electoral divisions with the soil types variables. The significance was set at P <0.05.
Results
Prevalence
The distribution of herds that submitted BTM samples in this study is depicted in Fig. 3 . The analysis of the BTM samples shows that 82% (n = 3,764) were exposed to F. hepatica. The monthly prevalence of fasciolosis was 66% in September, 85% in October and 87% in November. Table 2 summarises the distribution of BTM samples per county and the prevalence of fasciolosis for each county.
Evaluation of spatial distribution
The observed distribution of fasciolosis throughout Ireland is illustrated in Fig. 4 . A higher proportion of F. hepatica-infected areas was found in the western part of the country. Fig. 5 illustrates the 20 most important variables driving the RF predictive model for fasciolosis. The geographical distribution of exposure to F. hepatica is most strongly associated with rainfall and temperature. The most important risk factors in descending order of importance were the following: (i) the average of annual total number of rain-days for the period 1981-2010; (ii) the total amount of rainfall during September, winter and autumn of 2012; (iii) the average of annual total number of wet-days; (iv) the total amount of rainfall during January of 2012; (v) the annual mean temperature of 2012; and the total amount of rainfall during March of 2012 (Fig. 5) . In addition, the soil dataset was regarded as a predictor of low importance compared to the other risk factors, and all the other environmental variables (land cover, subsoil, habitat maps) were not considered as potential risk Table 2 . Distribution of bulk tank milk (BTM) samples tested for fasciolosis per county and the prevalence of fasciolosis for each county.
In the case of herds with double BTM samples, the higher percent positivity (PP) value was used. factors for fasciolosis (Fig. 5) . The soil types that were mostly associated with significant differences between positive and negative regions for fasciolosis, as seen in Table 3 , were deep, well-drained soils (P <0.001), deep, poorly drained soils (P <0.001) and alluvium soils (P <0.05) consisting of fine particles of clay, silt and larger particles (sand and gravel). Fig. 6 depicts the probability of exposure to F. hepatica for 2012 based on the RF probability model. Overall, the accuracy of the predictive model was 97.5% PCC, 95% sensitivity and 100% specificity. Fig. 7 illustrates the comparison of the observed and predicted distribution of fasciolosis by presenting the true negative, true positive and false negative predicted electoral divisions being exposed to F. hepatica; no false positives were found.
Discussion
The present study is the first national-scale approach that attempts to determine the prevalence of fasciolosis in Irish dairy cow herds, as nearly one third of the dairy herds in Ireland were tested for F. hepatica antibodies. The analysis of BTM samples showed that 82% of the dairy herds had been exposed to F. hepatica, which provides evidence for the high prevalence of fasciolosis in Irish dairy herds. These findings are very similar to the 65% prevalence in culled cows in Ireland during autumn and summer as reported by Murphy et al. (2006) and to the 75% prevalence in November among Irish dairy herds (Bloemhoff et al., 2012) . The findings are also in accordance with the prevalence observed in Wales (84%) and England (72%) in the winter of 2006 (McCann et al., 2010a . However, the prevalence of fasciolosis in the present study is higher than that reported for Sweden (7%) by Höglund et al. (2010) , for Belgium (31-40%) by Bennema et al. (2009 Bennema et al. ( , 2011 and Charlier et al. (2013) and for Germany (24-57%) by Kuerpick et al. (2012 Kuerpick et al. ( , 2013 . The high prevalence of fasciolosis in Ireland seen in this study in comparison with other European countries may be related either to different testing protocols and geographical coverage (Kuerpick et al., 2013) or to differences in precipitation, temperature, farm management and grazing conditions (McCann et al., 2010a; . Indeed, the basic difference and main competitive advantage of dairy farming in Ireland compared to other EU countries is the temperate climate that favours a low-cost grass-based production system (Creighton et al., 2011; Läpple et al., 2012) . The major features of Irish dairy farming management are: (i) spring-calving; (ii) a pasture-based system where the main feed source is grass; and (iii) a grazing season from early spring to late autumn that permits dairy Table 3 . Results of the Pearson chi-square statistic test (χ 2 ) for significant differences between the exposed and non-exposed electoral divisions to Fasciola hepatica with respect to soil type.
cattle to graze outdoors for most of the year (Läpple et al., 2012) . This farming system can allow greater exposure to F. hepatica and, therefore, the collection of BTM samples during autumn in the current study was ideal for evaluating the prevalence of fasciolosis, as this time period is near the expected peak of annual exposure to F. hepatica due to pasture contamination in late summer (Salimi-Bejestani et al., 2005) .
To develop a spatial distribution model for fasciolosis, several climatic and environmental variables were examined for their importance as potential risk factors using RF modelling and spatial statistical analysis. The most important classes of predictors were mainly precipitation and also temperature. Therefore, in the temperate Irish climate with year-round rainfall, precipitation is essential for the completion of the F. hepatica life cycle, whereas temperature is the limiting factor. This is in agreement with the study by Malone et al. (1998) , who found that greater risk for fasciolosis occurred in areas of high annual rainfall, with the risk decreasing in regions characterized by lower temperatures. These results are also consistent with the study by Yilma and Malone (1998) , who showed that rainfall can increase the risk of fasciolosis, and that low temperature can retard the completion of the infection cycle. Similarly, Bossaert et al. (1999) showed that temperature was the major bioclimatic factor of the transmission of F. hepatica and Mitchell (2002) concluded that mild weather and summer rainfall are associated with high prevalence of fasciolosis. The study outcome is in concordance with the mixed forecasting model for the temporal and spatial transmission of fasciolosis in the Andes, using weather variables (mainly temperature and rainfall) and the normalized difference vegetation index (NDVI), which displays the overall response of vegetation to rainfall (Fuentes, 2004 (Fuentes, , 2006 Fuentes et al., 2005) . It is also in agreement with the significant relationship that was found between temperature-adjusted rainfall and NDVI with the prevalence of fasciolosis in Australia (Durr et al., 2005) . Similarly, Bennema et al. (2011) found that annual rainfall was a significant risk factor for fasciolosis and McCann et al. (2010a,b) demonstrated that rainfall and temperature were major predictors for the exposure to F. hepatica. Finally, the results of the current study are in close agreement with Martins et al. (2012) , who found that high risk regions for fasciolosis were correlated with temperature and precipitation. The findings in our study are, however, in contrast to those by Kuerpick et al. (2013) who found that temperature and precipitation were not strongly correlated with the seropositivity to F. hepatica, a fact probably due to the low level of spatial variation in Germany.
In the present study, the most important predictor for fasciolosis was the average of annual total number of rain-days for the period 1981-2010, followed by total amount of rainfall during September, winter and autumn of 2012 and the average of annual total number of wet-days for the period 1981-2010. The importance of annual total number of rain-days and wetdays may highlight the role of sufficient moisture during the whole life cycle of F. hepatica required for the development of the different stages of the parasite and the intermediate snail host. Also, it may indicate that the variables describing the daily precipitation levels might outperform those measuring the total monthly or seasonal precipitation regarding their significance as risk factors for fasciolosis.
These findings are in agreement with the study by McCann et al. (2010a) , who found that rainfall and mean monthly rainy days were important parameters for the spatial modelling of fasciolosis. However, in that study, the 5-year average rainfall data were stronger predictors for fasciolosis than precipitation in the year of sampling, which is in contrast to our findings where the contemporary climatic data outperformed the long-term climatic data. For this reason, current annual data on the number of rain-days and wet-days (which were not available for the current model) may be more important predictors than the long-term climatic data. Among other important predictors were total amount of rainfall during January and March of 2012, a finding partially in agreement with that by McCann et al. (2010a) , who showed that the total amount of rainfall between February and April was a significant risk factor for the F. hepatica antibody levels in November, indicating the importance of the moist pastures as suitable habitats for the intermediate snail host.
Of the environmental parameters, only the soil type proved to be associated with the risk for fasciolosis but only moderately so. Deep, well-drained soils constituted the major type in the negative regions, while deep, poorly drained as well as alluvium soils had a bigger than expected proportion among the positive regions. These findings stress the role of soil properties and drainage with respect to survival, movement and development of the snail hosts. They are also are consistent with the study by McCann et al. (2010a) , who stressed that soil types can be predictors of fasciolosis. Moreover, Charlier et al. (2011) showed that drainage is likely to be negatively associated with the risk of the disease, explaining the lower than expected propor-tion of positive regions in deep, well-drained soils. The role of alluvium soil, which is usually found near river and stream courses, could be attributed to the importance of irrigation and wet pasture for the development of the intermediate snail host (Torgerson and Claxton, 1999) . However, further studies are required to determine how this association may be explained. This is the first study assessing the spatial exposure of Irish dairy cow herds to F. hepatica and the first attempt to develop a risk model for fasciolosis in Ireland. The high prevalence of the disease suggests that fasciolosis should be recognized as an important production problem of Irish cattle farming. The results of this study show that specific climatic and environmental risk factors support a robust distribution model that will improve the prevention and control of fasciolosis in Ireland.
